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FOREWORD

Sreeram Potluri will be presenting on NVIDIAõs NVSHMEM work Tuesday at 2pm

Efficient Breadth First Search on Multi -GPU Systems using GPU-
centric OpenSHMEM

This talk is about NVIDIAõs latest GPU and not OpenSHMEM
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òItõs time to start planning for 
the end of Mooreõs Law, and 
itõs worth pondering how it 
will end, not just when. ó

Robert Colwell 
Director, Microsystems Technology Office, DARPA

CPU

GPU Accelerator
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PERFORMANCE GAP 
(PRE-VOLTA)
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INTRODUCING VOLTA

The Fastest and Most Productive GPU for Deep Learning and HPC

5,120 CUDA cores | 640 NEW Tensor cores

7.5 FP64 TFLOPS   | 15 FP32 TFLOPS  |  120 Tensor TFLOPS

16GB HBM2 @ 900 GB/s  |  300 GB/s NVLink

Volta Architecture

Most Productive GPU

Tensor Core

120 Programmable 

TFLOPS Deep Learning

Improved SIMT Model

New Algorithms

Volta MPS

Inference Utilization

Improved NVLink & 

HBM2

Efficient Bandwidth
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REVOLUTIONARY AI PERFORMANCE
Faster DL Training Performance

Over 80x DL Training 
Performance in 3 Years

1x K80

cuDNN2

4x M40

cuDNN3

8x P100
cuDNN6

8x V100
cuDNN7
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Googlenet Training Performance
(Speedup Vs K80)
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85% Scale-Out Efficiency
Scales to 64 GPUs 

Microsoft Cognitive Toolkit

0 5 10 15

64X V100

8X V100

8X P100

Multi -Node Training with NCCL2.0
(ResNet-50)

ResNet50 Training for 90 Epochs with 1.28M 
images dataset | Cognitive Toolkit with 

NCCL 2.0 | V100 performance measured on 
pre-production hardware. 

1 Hour

7.4 Hours

18 Hours

3X Reduction in Time to 
Train Over P100

0 10 20

1X
V100

1X
P100

2X
CPU

LSTM Training
(Neural Machine Translation)

Neural Machine Translation Training for 13 
Epochs |German ->English, WMT15 subset | 

CPU = 2x Xeon E5 2699 V4 | V100 
performance measured on pre-production 

hardware. 

15 Days

18 Hours

6 Hours
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VOLTA DELIVERS 3X MORE INFERENCE 
THROUGHPUT

Low Latency performance with V100 and TensorRT

Fuse Layers
Compact

Optimize Precision
(FP32, FP16, INT8)

3x more throughput at 7ms latency with 

V100 
(ResNet-50)

TensorRT Compiled
Real-time
Network

Trained 
Neural

Network

0

1,000

2,000

3,000

4,000

5,000

CPU Tesla P100
(TensorFlow)

Tesla P100
(TensorRT)

Tesla V100
(TensorRT)
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33ms

CPU Server: 2X Xeon E5-2660 V4; GPU: w/P100, w/V100 (@150W) | V100 performance measured on pre-production hardware. 

3X

10ms

7ms

7ms
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ROAD TO EXASCALE
Volta to Fuel Most Powerful 

US Supercomputers
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Volta HPC Application Performance

System Config Info: 2X Xeon E5-2690 v4, 2.6GHz, w/ 1X Tesla 
P100 or V100. V100 measured on pre-production hardware.

Summit Supercomputer

200+ PetaFlops

~3,400 Nodes

10 Megawatts

Source: Wikipedia
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P100 V100 Ratio

Training acceleration 10 TOPS 120 TOPS 12x

Inference acceleration 21 TFLOPS 120 TOPS 6x

FP64/FP32 5/10 TFLOPS 7.5/15 TFLOPS 1.5x

HBM2 peakbandwidth 720 GB/s 900 GB/s 1.2x

NVLink peak bandwidth 160 GB/s 300 GB/s 1.9x

L2 Cache 4 MB 6 MB 1.5x

L1 Caches 1.3 MB 10 MB 7.7x

GPU PERFORMANCE COMPARISON
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NEW HBM2 MEMORY ARCHITECTURE
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P100 V100
76% DRAM 
Utilization

95% DRAM 
Utilization

1.5x Delivered 
Bandwidth

V100 measured on pre-production hardware.

HBM2 stack
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STATE OF UNIFIED MEMORY

PGI OpenACCon Pascal P100

Geometric mean across all 15
SPEC ACCELÊ benchmarks

UM Perf vs. Explicit movement:

86% PCI-E, 91% NVLink

High performance, low effort

Unified Memory

Explicit data movement

PGI 17.1 Compilers OpenACCSPEC ACCELÊ 1.1 performance measured March, 2017. SPECÈ and the benchmark 
name SPEC ACCELÊ are registered trademarks of the Standard Performance Evaluation Corporation. 

Automatic data movement for allocatables

86%

Performance vs no Unified Memory
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UNIFIED MEMORY BENEFITS
Deep Copy ðArray of Strings example (NxN) 

char **data; 

data = (char**)malloc(N*sizeof(char*)); 

for ( int i = 0; i < N; i++) 

data[ i] = (char*)malloc(N); 

char ** d_data ;

char ** h_data = (char**) malloc (N*sizeof (char*)); 

for ( int i = 0; i < N; i++) { 

cudaMalloc(&h_data2[ i], N); 

cudaMemcpy(h_data2[ i], h_data [ i], N, ...); 

} 

cudaMalloc(&d_data , N*sizeof (char*)); 

cudaMemcpy(d_data , h_data2, N* sizeof (char*), ...); 

gpu_func<<<...>>>(data, N); 

char **data; 
data = (char**) cudaMallocManaged(N*sizeof(char*)); 
for ( int i = 0; i < N; i++) 

data[ i] = (char*) cudaMallocManaged(N); 

gpu_func<<<...>>>(data, N); 
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VOLTA NVLINK

300GB/sec

50% more links

25% faster signaling



14

NEW TENSOR CORE BUILT FOR AI
120 Tensor TFLOPS of DL Performance

TENSOR CORE

ALL MAJOR FRAMEWORKSVOLTA-OPTIMIZED cuDNN

MATRIX DATA OPTIMIZATION: 

Dense Matrix of Tensor Compute

TENSOR-OP CONVERSION: 

FP32 to Tensor Op Data for 

Frameworks

TENSOR CORE

VOLTA TENSOR CORE 
4x4 matrix processing array 

D[FP32] = A[FP16] + B[FP16] + C[FP32]
Optimized For Deep Learning
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TENSOR CORE
4x4x4 Warp Matrix Multiply and Accumulate (WMMA) 

D = AB + C

D = 

FP16 or FP32 FP16 FP16 FP16 or FP32

A0,0 A0,1 A0,2 A0,3

A1,0 A1,1 A1,2 A1,3

A2,0 A2,1 A2,2 A2,3

A3,0 A3,1 A3,2 A3,3

B0,0 B0,1 B0,2 B0,3

B1,0 B1,1 B1,2 B1,3

B2,0 B2,1 B2,2 B2,3

B3,0 B3,1 B3,2 B3,3

C0,0 C0,1 C0,2 C0,3

C1,0 C1,1 C1,2 C1,3

C2,0 C2,1 C2,2 C2,3

C3,0 C3,1 C3,2 C3,3
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TENSOR CORE
16x16x16 Warp Matrix Multiply and Accumulate (WMMA) 

D = AB + C
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VOLTA GV100 SM

GV100

FP32 units 64

FP64 units 32

INT32 units 64

Tensor Cores 8

Register File 256 KB

Unified L1/Shared

memory

128 KB

Active Threads 2048
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A GIANT LEAP FOR DEEP LEARNING

V100 measured on pre-production hardware.
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USING TENSOR CORES

Volta Optimized 
Frameworks and Libraries

__device__ void tensor_op_16_16_16(
float *d, half *a, half *b, float *c)

{
wmma::fragment< matrix_a , é> Amat;
wmma::fragment< matrix_b , é> Bmat;
wmma::fragment< matrix_c , é> Cmat;

wmma:: load_matrix_sync ( Amat, a, 16);
wmma:: load_matrix_sync ( Bmat, b, 16);
wmma:: fill_fragment ( Cmat, 0.0f);

wmma:: mma_sync( Cmat, Amat, Bmat, Cmat);

wmma:: store_matrix_sync (d, Cmat, 16,
wmma:: row_major );

}

CUDA C++

Warp-Level Matrix Operations

NVIDIA cuDNN, cuBLAS, TensorRT
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VOLTA MULTI-PROCESS SERVICE
(MPS)

Hardware 
Accelerated

Work Submission

Hardware 
Isolation

VOLTA MULTI-PROCESS SERVICE

Volta GV100

A B C

CUDA MULTI-PROCESS SERVICE CONTROL
CPU Processes

GPU Execution

Volta MPS Enhancements:

ÅReduced launch latency

Å Improved launch throughput

Å Improved quality of service with 
scheduler partitioning
Å More reliable performance

Å3x more clients than Pascal

A B C
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VOLTA: INDEPENDENT THREAD SCHEDULING
Communicating Algorithms

Pascal: Lock-Free Algorithms Volta: Starvation Free Algorithms

Threads cannot wait for messages Threads may wait for messages
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